Introduction
Social scientists from many academic disciplines have for a long time been interested in the association between family background, in a wide sense, and socio-economic status during adult life. In the last 10-15 years, economists have become more active in this research field and have, in particular, focused on family background and subsequent income. Empirical research on such issues has become feasible in some countries thanks to household panel data sets (such as the Panel Study of Income Dynamics, PSID, and the National Longitudinal Survey, NLS, in the United States, and the German household panels, the GSOEP) in which families have been followed from one generation to the next. In other countries (such as the Nordic ones and Canada) administrative register data have been used to connect family members to each other.
The most frequent analytical approach has been to estimate intergenerational income elasticities (or correlations) between fathers and sons. Solon (1999 Solon ( , 2002 summarizes such estimates for several countries. A less frequent, but very powerful, approach is to estimate sibling correlations in income. The power of this approach comes from the fact that a sibling correlation tells us what fraction of the variation in the variable of interest (such as income) that can be attributed to factors that siblings share. Siblings, who have grown up together, share both family factors (e.g., parental income) that impact on their subsequent income and neighborhood influences of various sorts. Thus, a sibling correlation is a broader measure of the importance of childhood conditions than an intergenerational one. 1 1 Note also that as long as closely spaced siblings are used to estimate a sibling correlation, income is measured for more or less the same income distribution. Parents' and offsprings' incomes are, however, by necessity measured many years apart and thus intergenerational estimates are complicated by the fact that income distributions might be very different for the two generations. In such cases the intergenerational elasticity will deviate from the intergenerational correlation.
Empirical research following these two approaches has produced a variety of interesting results. One of the most striking ones is the clear cross-national pattern that family background is more important for labor market achievement in the United States than in most other countries. The Nordic countries turn out to have among the weakest associations between family background and labor market outcomes. Both estimated intergenerational income elasticities and sibling income correlations reveal such results. However, these results are limited in the sense that they have been obtained using data covering offspring (or siblings) that were born in the 1950s and early 1960s.
2 It is therefore natural to ask whether this cross-national pattern has existed for a very long time, or if it is a more recent phenonomen, for example caused by the rise of the ambitious welfare state in which the 1950s-generation grew up.
The main goal of this study is to extend previous Swedish studies of family background and income by going back in time to include cohorts born in the 1930s and 1940s and investigate whether there are any significant trends in the association between family background and income in Sweden. To achieve this goal, we need a data set that satisfies the following requirements: First, we must be able to connect family members -either siblings or parents and children -to each other over a long period of time. Second, we need consistent income data for these family members. Third, we need large samples so that we can detect significant changes in family associations over time. To meet these requirements, we make use of the unique opportunity offered by Swedish administrative register data sets held by Statistics 2 See Solon (2002) and Corak (2006) for surveys of intergenerational elasticities. See Björklund et al. (2002) for comparable estimates of brother correlations in earnings for the Nordic countries (Denmark, Finland, Norway and Sweden) and the United States; Björklund et al. (2004) also report sister correlations for the Nordic countries. Regarding studies that explicitly focus on trends, the recent Norwegian intergenerational mobility trend studies by Bratberg et al. (2005 Bratberg et al. ( , 2007 The period that we cover with our data is quite long, so the cohorts that we analyze have grown up under markedly different circumstances. For example, several educational reforms took place during the period. A general theme in these reforms is that the Swedish educational system has become more comprehensive and the length of compulsory schooling has been extended. The fraction of a cohort that has gone to college has also increased and to accommodate this expansion new colleges have been established all over the country. The last cohorts were also affected by the expansion of daycare (or preschool) that started in the 1960s. Another change that potentially could affect the impact of family background is that income inequality has fallen over time. Although there is no consistent series of income distribution over this long period of time, there is a well-documented decline in disposable income and hourly earnings inequality from the 1960s to the 1970s. 3 Further, significant changes in the Swedish family structure took place over the period. Divorce rates started to increase in the 1960s and at the same time cohabitation (rather than formal marriage) became 3 See, e.g., Gustafsson and Uusitalo (1990) for analysis of disposable income inequality for this period, and Edin and Holmlund (1995) for hourly earnings inequality. Gustafsson and Uusitalo also show that there was no corresponding decline in total pre-tax factor income inequality over the same period; we use pre-tax factor income in this study. more frequent. At the same time, many women entered the labor market, first in the 1960s and 1970s mainly to part-time jobs and later in the 1980s to full-time jobs.
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Our basic finding is that brother correlations in income have fallen by some 11 percentage points from almost 0.35 for the cohorts born in the early 1930s to below 0.25 for the cohorts born around 1950. From then on, the correlations have been more or less stable. We follow up this result by also estimating brother correlations in years of schooling for the same cohorts.
These correlations are higher but more or less constant over time, suggesting that equalization of years of schooling across families is not the driving force behind falling sibling correlations. However, when we adjust income for the income return to years of schooling we find constant, or even somewhat rising, sibling correlations. Thus, changes in the return to schooling seem to be an important factor behind the decline in sibling correlations.
The rest of the paper is organized as follows. In Section 2 we present the longitudinal income models that we use to estimate our brother correlations in income. We also explain how we estimate the models and discuss various sources of bias. Section 3 describes the adminstrative data sources from which we have derived our samples as well as descriptive statistics of the cohorts we use in our analysis. The empirical findings are reported in Section 4. Section 5 concludes and offers a short discussion of how our results compare with those obtained in the sociological literature on trends in intergenerational class mobility in Sweden as well as a comparison with results in trend studies of income mobility in other studies.
Models and Estimation
To clarify the useful interpretation of the sibling correlation, suppose first that we have a perfect measure of long-run income at our disposal for estimation. Long-run income, ij y , for sibling j in family i can be modeled as This sibling correlation represents the proportion of the population variance in long-run income status that can be attributed to family background effects. A sibling correlation can be viewed as an omnibus measure of the importance of family and community effects. They include anything shared by siblings (e.g., parental characteristics), including things not directly experienced in the home (e.g., school, church and neighborhood effects). Genetic traits not shared by siblings, differential treatment of siblings, time-dependent changes in neighborhoods, schools, etc. are all excluded from this correlation.
We now turn to the practical case when we as researchers consider estimation of long-run income by using panel data on annual income observations over a reasonable period of time.
Current income of sibling j in family i measured in year t can be modeled as where η ijt is a mean zero, constant variance, σ η ², random shock to current income. This AR (1) process reflects the potential for persistence in transitory shocks, but will also pick up income changes due to life-cycle income profiles.
Estimation
In order to calculate the sibling correlation in long-run income, ρ, we need estimates of the within-family variation, 2 u σ , and the between-family variation, σ a ². The two most common methods used in this context are the traditional analysis of variance (ANOVA) method and the restricted maximum likelihood (REML) method. The ANOVA method, however, has several serious drawbacks, particularly when dealing with unbalanced data as we are in this paper. Our data are unbalanced because we include families with different number of brothers.
The first, most serious drawback is that the distributional properties of the ANOVA estimators for unbalanced data are, in fact, not known. Second, we have no way of comparing the different ANOVA methods that are applied to unbalanced data in order to judge which method is most appropriate. Third, there is nothing to prevent ANOVA estimates of variance components from taking on negative values.
5
The REML method, on the other hand, is known to produce consistent estimates of the necessary variance components even when the data are unbalanced (Searle et al., 1992) . As such, it is clearly more suited to the task at hand. The only potential drawback of this method is that it forces us to make a number of a priori distributional assumptions concerning the different variance components. But we would have been forced to do this anyway if we had used ANOVA estimates in any form of hypothesis testing. An added bonus of the REML method is that it will allow us to eliminate several sources of estimation biases in ways that would not be feasible (or, at least, not practical) in ANOVA.
Given that we have an appropriate measure of long-run income, we can consistently estimate the necessary variance components, σ u ² and σ a ², using REML to estimate the following mixed-effects model
Siblings (level-2) are nested within families (level-1). Both the level-1 random effect, b i , and the level-2 random effect, b ij , are normally distributed with zero means and have variancecovariance matrices Ψ 1 and Ψ 2 , respectively. Unbiased estimates of σ u ² and σ a ² can be retrieved from these two matrices. Here, z i represents family i's identification number and z ij identifies sibling j in family i.
If we are, instead, forced to us a single-year of current income as a proxy for long-run income, then we can estimate the following, more general mixed-effects model
This formulation allows for multiple fixed-effects, β, including μ. The multiple fixed-effects model matrix X ijt might include, e.g., age and age squared in order to control for a deterministic age-income profile, reflecting the fact that individuals of different ages may find themselves at different points in their life-cycle income profile. If we have multiple-year observations on current income, then X ijt might also include year dummies, representing more general time effects such as inflation, business cycle fluctuations and cohort effects.
Multiple-year observations also enable us to generalize the mixed-effects model even further by allowing for a first-order autoregressive error structure
where 0 < δ < 1 and η ijt ~ N(0,σ η ²I). This AR(1) process allows for persistence in transitory shocks.
Estimation Biases
In our model of long-run income, the sibling correlation, ρ, was derived under the assumption that sampling errors, v ij , were uncorrelated with the permanent components of income, a i and u ij . To insure that these conditions hold, we estimate equation (9) using a large representative sample of the Swedish population. In contrast to this approach, many of the early estimates of sibling correlations were based on small, unusually homogeneous samples (e.g., Olneck, 1977; Kearl and Pope, 1986) .
More importantly, all of the studies prior to Solon et al. (1991) were based on single-year measures of current income, which (for the lack of better data) was used as a proxy for longrun income. Furthermore, the age structure of the sample was most often ignored. As discussed in Solon et al. (1991) , transitory shocks to income, age effects and cohort effects all tend to bias estimates of ρ strongly downwards. These biases become even more serious in homogeneous samples. Solon et al. (1991) proposed an ANOVA methodology for unbalanced data specifically designed to deal with these biases. Using data from the PSID, gave them multiple-year measures of current income. This allowed them to model transitory shocks to income as a first-order autoregressive process. They also included fixed age and year effects in order to deal with life-cycle, cohort and general time effects. Their methodology has since been used in several later studies (e.g., Björklund et al., 2002 Björklund et al., , 2004 Levine and Mazumder, 2007) and has been extended to the REML method by Mazumder (2007) .
Life-Cycle Bias
In this Section, we expand upon Solon et al.'s (1991) list of biases to include the phenomenon of life-cycle bias. Haider and Solon (2006) and Böhlmark and Lindquist (2006) demonstrate that the association between current and lifetime income varies strongly over the life-cycle.
When this is true, the use of current income as a proxy for lifetime income leads to inconsistent parameter estimates, also known as life-cycle bias.
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Although this possibility has not been discussed in the previous literature, sibling correlations that use a single-or even a multiple-year measure of current income as a proxy for permanent income status will most likely suffer from this life-cycle bias. The following, rather simple income generating process can be used to illustrate the basic idea underlying life-cycle bias in the context of sibling correlations.
Imagine that parents in family i invest an equal amount in each of their j children and that this investment allows their children to earn at least α i upon entering the labor market. This initial human capital endowment may vary across families by σ α ². Upon entering the labor market, each sibling actively manages his or her endowment by making decisions about hours worked, careers, further investments in human capital, etc. These choices allow their income to grow at a rate of γ ij that may vary across choices made and individuals by σ γ ². This income generating process can be written as
. In a two-period model, income of sibling j in family i in period 1 is given by
The sibling correlation calculated using current, period-1 income is
Income of sibling j in family i in period 2 is given by
with variance
The sibling correlation calculated using current, period-2 income is The average, long-run income of sibling j in family i is given by
with variance:
The sibling correlation calculated using permanent income is In this simple two-period model, ρ 1 > ρ > ρ 2 .
Using current income as a proxy for long-run income produces a biased estimate of the sibling correlation, if what we are interested in is the effect of family background effects on permanent income status. In this particular example, we overestimate the similarity between siblings when they are young and underestimate it when they are old. This bias is due to the existence of heterogeneous income paths over the life cycle, i.e. to the fact that returns to human capital investments, γ ij , are allowed to vary across siblings and over time. This bias differs from the deterministic age and cohort effects discussed in Solon et al. (1991) and Mazumder (2007) in so much that it cannot be eliminated by adding fixed effects in age or years, since it is due to variations around the central tendency.
7 Without loss of generality we can assume that agents do not discount period-2 income.
It is important to keep in mind, however, that this simple example is only one of many possible income generating processes. The model above says that all siblings start off identical and become more different over time. But it could be the case that siblings start off different and become more similar over time, or that between family differences rise or fall over time, which would affect our estimates of the sibling correlation through changes in σ α ².
Each of these possible scenarios would affect our estimate of the sibling correlation in longrun income differently.
Our solution to this problem in this study is to stick to measuring income at the same ages for all cohort groups. If lifecycle bias is present but reasonably constant over time, our conclusions about trends will not be affected. Our choice has been have income centered around age 34, an appropriate choice according to Böhlmark and Lindquist's (2006) examination of the association between annual and lifetime income. There is no guarantee, however, that the association between annual and lifetime income has been constant over time so we come back this problem in our sensitivity analysis.
The Data
To identify siblings for several cohorts of Swedes we have extracted samples from Statistics To these samples of family members we have merged income data from 1968 to 2002;
unfortunately Statistics Sweden does note have such data further back in time. Because we typically want to observe income during several years at ages centered around age34, the income data allow us to estimate sibling correlations for all (or most) cohorts in our sample.
Our main income variable is total income from all sources of income (sammanräknad inkomst), or pre-tax total factor income. This variable is available from 1968 onward. As a complement, we use labor earnings (arbetsinkomst), but this variable is only available from 1974 onward.
One major change in the income concept took place from 1973 to 1974 when some social benefits, most notably unemployment compensation, sickness benefits and parental leave benefits became taxable and thus included in the income concept used in the income declaration process. Because parental leave benefits were mainly used by mothers and at the time were of rather short duration, the problematic transfers for our purposes are unemployment compensation and sickness pay. Fortunately, we have these benefits at our disposal for the years 1974-1980 so we can check the sensitivity to their inclusion from 1974 onward.
Our empirical model is based on the logarithm of annual income, so we have to make a decision about how to treat zero income observations as well as very low income observations. In our baseline estimations we have followed the convention from previous research and excluded all zero observations. We also strived for a similar lower income limit over time and decided to use the largest of the minimum income observation for any year as the lower limit for each year. This lower limit is SEK342 ( ≈ $50) in 2002 prices and thus this real income limit is applied to all years. We also exclude individuals who did not survive the observation window.
We split our overall sample into cohort groups born within seven calendar years. We apply partly overlapping cohort definitions starting with those born 1932-1938. By adding three more years to each cohort group, we get in all 11 groups born through 1962-68. All brothers are born in the same period, so it is only closely spaced (within seven calendar years) brothers among which we estimate the correlations.
Descriptive statistics for the eleven cohorts defined this way are reported in Table 1 . By following the rule that income should be observed in the age range 30-38 years, the mean age when income is observed ranges from 34.9 to 33.5 in our cohort groups. By construction of the subsamples, this age is somewhat higher for the first cohorts and somewhat lower for the last ones. These age differences are obviously small, but we have nonetheless checked that they do not affect our inference about trends in the correlations. The samples sizes in terms of the number of families and the number of individuals are very high for each cohort group, which promise high precision in the estimates. We have followed the convention from previous studies to include singletons, which contribute to the precision of the estimation of the individual variance component. Thus, the number of individuals is only some 20-30 percent higher than the number of families. Real log annual income fell during the sluggish 1970s and 1980s, but rose again at the end of the observation period. The standard deviation of log annual income has increased over time. As mentioned in the introduction, this pattern is consistent with previous findings based on overall inequality measures for this income concept. Inequality of disposable income and hourly labor earnings, however, fell from 1960 to the early 1980s, when it started to rise again.
The last column of the table gives information about the number average number of income observations per individual and the fraction zeros among potential income observations. We note the first two cohort groups are observed, on average, during a shorter period of time. The fraction of missing (or zero) income observations is low, ranging from 3.1 percent for the first cohort group to 0.7 for the sixth group. Notes: 1. The mean and standard deviation of annual income is measured for all observations used in the estimations.
Results

Baseline results.
We report our baseline results in Figure 1 . The main impression is that the brother correlation declined significantly for the first five cohort groups, i.e., from the groups born 1932-1938 through 1944-1950 . From then on there is only minor variation. Since the estimates from then on fall in the range 0.22 to 0.25, we conclude that stability is the general impression of the latter part of the period we study. The estimates for the latter part of the period are also in the same ballpark as those in previous Swedish research.
The decline from the first cohort group to the fifth (1944) (1945) (1946) (1947) (1948) (1949) (1950) is from 0.34 to 0.23. Thus, the fraction of income inequality attributable to family and community factors shared by closely spaced full brothers fell by 11 percentage points. We find this decline sizeable. Although, 0.34 is below the estimates generally obtained for the United States for later cohorts, it is striking that a decline of this magnitude took place over such a short period.
If this finding is robust to a number of necessary sensitivity tests, it is an important task to understand why this decline took place.
Before turning to these sensitivity analyses, we look at the evolution of the variance components underlying the estimated sibling correlations in our baseline case. We report these components in Figure 2 . We can see that the estimated variance of the family components first fell from the first cohort group to the fourth, and then started to rise again from the fifth group onwards. The latter rise was larger than the decline during the former period, so this variance component ended at a higher level than it started. The figure also
shows that both the individual and the residual (transitory) variance components have risen over time. 8 It is the combined effects of the overall weaker rise in the family components' variance than in the individual components' that account for the decline of the brother correlation. The last part of figure 2 shows that the family component's share of total income variation (including the residual part), just like the sibling correlation in long-run income, fell by some 10 percentage points.
8 Gustavsson (2007) decomposes inequality of annual labor earnings during the period 1991-1999 into permanent and transitory components and finds that the rise in inequality can be attributed to the former component whereas transitory variation has been stable over time. However, we know that inequality of labor earnings has not evolved in the same way as total factor income that we use in our study.
Sensitivity analyses
Our baseline specification and sample choices involve a number of somewhat arbitrary choices so we have to investigate whether our results are robust with respect to these decisions.
First, we consider the problem associated with very low and zero (and missing) income observations. The reason that such observations generally are omitted from the estimations in this literature is that the underlying model, with permanent family and individual components as well a transitory individual component, fits best in logarithmic form. We have reported the number of missing income observations in Table 1 and at most they were 3.1 percent of all observations. These observations might represent truly low, or zero, incomes, but might also be missing values due to missing reports to the tax authority. One solution could be to assign a very low income to these missing observations. By doing so, and then logging this low value, one will give these observations very high weights in the estimations. Although, we are skeptical to doing so, we want to illustrate that the consequences might be dramatic. In Figure   3a , we have set the missing values to SEK1 ( ≈ $0.15). It turns out that we then get the opposite pattern, namely rising sibling correlations.
One could also argue the opposite way, namely that low, but positive, income observations are inaccurate and poor indicators of long-run income. In that case, one might get more accurate results by eliminating these observations by raising the lower income bound. In Figure 3b , we report results where we have done so. It turns out that the clear decline in our baseline case becomes somewhat weaker when we raise the lower bound by the factors 10 and 100.
In Figure 3c , we report the results from, what in our view, is a more appropriate way to handle the problem with zero and missing income observations. Here we have taken the mean of all income observations (including the zero and missing observations) from all nine years at ages 30-38. Then we logged this mean income and used it in the estimations. By so doing, we take these observations into account but they do not get the extremely high weights as they get when the single income observation is logged. The price we pay is that we do not get a nice multiplicative model of the three earnings inequality components; the transitory component becomes harder to interpret. But since the estimation of the transitory component is not the main purpose with our study, we are willing to pay this price. The results in Figure 3c show that the estimated brother correlations using this approach are very close to our baseline case.
We thus conclude that our basic result of falling correlations is not an artifact of our treatment of low income observations.
A second choice was to observe income over ages 30-38 years. By so doing, we hope that any bias associated with the fact that we do not observe complete lifetime income is constant over time. It might be, however, that the association between income during ages 30-38 years and lifetime income has changed over time. We thus decided to measure income over a longer period of time, namely over ages 30-52. We argue that such an income measure is more strongly associated with lifetime income. The results from this exercise are reported in Figure   4 . We can see that there is a clear decline in the brother correlation even when the period is extended in this way. Indeed, the decline from the first cohort group to the last one is almost exactly the same. However, one must keep in mind that the estimates are comparable only for the first five cohort groups since the latter ones are younger than 52 years in 2002, the last year for our income observations. By only consideration cohort groups 1-5, we find a smaller decline over time, but yet a statistically significant decline.
Third, we should find out whether the results are affected by the change in the income concept that took place between 1973 and 1974. The major change for men was the inclusion of unemployment and sickness benefits in pre-tax factor income from then on. Since we have access to individual data for these transfers for the years 1974-80 we can investigate whether the results become clearly different when we deduct these transfers from total income. The results, reported in Table 5 , do not suggest that this is the case, so we conclude that our basic finding is robust with respect to this change in the income concept.
We have also estimated models with labor earnings instead of total factor income. These estimations, however, started with data from 1974 so we only have comparable estimates for cohort group five onward. The estimated brother correlations were very close to those using total income; the deviations were at most .02. Thus, we conclude that the stable pattern that we have found for brother correlations in total income also can be found for labor earnings.
However, it is an open question whether the decline for the earlier previous cohorts also has taken place in brother correlations in labor earnings.
Finally, we acknowledge that we have not yet been able to estimate the model with an autoregressive error structure. Preliminary estimates based on 10 % of the sample suggest that the trend results are not affected by adding this dimension to the underlying income model. continue with an analysis of the role of education. We do this in two steps. First, we estimate sibling correlations in years of schooling for the same cohorts. Second, we "account" for the role of education in the estimated sibling correlations by adding schooling variables to the multiple fixed-effects matrix X in (9) above. By so doing, we estimate sibling correlations that are purged of the impact of education (and variables correlated with education). [1960] [1961] [1962] [1963] [1964] [1965] [1966] [1967] [1968] . We infer years of schooling from seven main levels of education reported in these registers.
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We report descriptive statistics in Table 2 . The second column shows that, as expected, the level of schooling has increased over time. This column also shows that the standard deviation of years of schooling was quite stable for the first five cohort groups and then fell by about a 9 See Mazumder (2007) , who performs such an analysis on US data and offers a further explanation of the approach. See also Levine and Mazumder (2007) who distinguish between years of schooling and the monetary return to years of schooling. 10 We assign years of schooling as follows: 7 for old primary school, 9 for new compulsory school, 11 for short high school, 12 for long high school, 14 for short university, 15.5 for long university and 19 for a Ph.D.
third. Taking into account that mean years of schooling increased over time, a relative measure of schooling inequality such as the coefficient of variation fell very little from the first to the fifth cohort group and then quite strongly for the rest of the period. The columns for the educational levels, denoted by the imputed years of schooling, show that the decline in schooling inequality can be mainly attributed to the fact that men have moved up from the lowest educational level to the next ones. Notes: The second number in the columns for 7 years etc. refers to the number of individuals in the sample.
In Figure 6 , we report estimated brother correlations in years of schooling. These correlations are, as expected from previous research, higher than the income correlations. Our estimates cluster just below 0.50. Compared to the income correlations, the schooling correlations are much more stable. The only notable change is the one from 0.52 for the first cohort group to 0.48 for the second, followed by another small decline to 0.46 for the third group. In all this is a decline of 0.06, which can be compared with the decline of 0.11 for the income correlations.
Further, there is remarkable stability in the schooling correlations from the second to the last cohort group; these estimates are in the range 0.474 -0.452.
Thus, it seems as though a decline in the relative importance of the family component for years of schooling does not drive the decline of brother correlations in income. To further investigate the role of schooling for the brother correlation in income, we purged income of its influence from schooling by adding years of schooling and its associated coefficient among to the fixed-effects matrix in equation (9) above. The results from this exercise are reported in Figure 7 . It turns out that income correlations that are controlled for years of schooling are very stable over the whole period. Thus it seems as though schooling matters, but that years of schooling is not the only explanation. It might be that the evolution of the income return to schooling drives the results for the income correlations. In the last column of Table 2 , we report the estimated coefficients for years of schooling. They reveal a clear U-shaped pattern, as expected from the return-to-schooling literature.
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In order to understand the importance of the evolution the income return to schooling, we controlled for a constant return to schooling instead of a time-varying return. We report the estimates of brother correlations in income that are controlled for a constant return to schooling of .05 in Figure 8 . Now, we find clear changes over time. First, there is a decline from 0.24 to 0.18 from cohort group one to five, and this decline is followed by a rise of the same magnitude to cohort group 8. Our interpretation is thus that the decline in the return to schooling over the first part of our study period has contributed to about half of the decline of the income correlation that we found in the previous section. The rise in the income return to schooling during the second period seems, however, to have been counteracted by other factors.
Conclusions
We have found that factors related to family and community background became less important for Swedish men born in the 1930s compared to those born around 1950 and have been stable since then for cohorts born through 1968. Our estimated brother correlations in total factor income fell from 0.34 for men born in the early 1930s to 0.23 for men born some 15 years later. During the subsequent 15 years, the estimated brother correlations were quite stable. The conclusion that there was clear decline was robust to a number of sensitivity tests.
In order to learn about the mechanisms behind the decline, we brought years of schooling into the analysis. First, we estimated brother correlations in years of schooling and found a quite stable pattern. Thus, despite marked equalization of years of schooling stimulated by schooling reforms during the period, one cannot argue that lower variance in the family component of years of schooling was a main driving force behind the decline in the brother correlation of income. Then we estimated brother correlations for income after netting out the returns to schooling from income. By so doing, we estimated the correlations in factors that are not even correlated with years schooling. We found that such correlations had been stable over time suggesting that something related to schooling yet accounts for the decline in the income correlations. We argue that the evolution of the monetary return to schooling could be a driving force behind the changes in the brother correlation in income.
Needless to say, more research is needed to find out about the mechanisms behind the changes we have observed. It would be interesting per se, and useful for analytical purposes to know whether intergenerational relationships evolved in the same. However, Swedish data does not allow us to do such an analysis. A comparison with results in the sociological classmobility literature might help us understand more about what has been going on. Note: Permanent income is constructed by first taking the mean of income during the nine years when the individual was aged 30 -38 years. In so doing we include missing values, which are assigned the value zero. Then we take the log of this mean and use in the estimations. 
